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ABSTRACT
In time-critical settings such as assistive driving, assistants often
rely on alerts or haptic signals to prompt rapid human attention, but
these cues usually leave humans to interpret situations and decide
responses independently, introducing potential delays or ambiguity
in meaning. Language-based assistive systems can instead provide
instructions backed by context, o!ering more informative guidance.
However, current approaches (e.g., social assistive robots) largely
prioritize content generation while overlooking critical timing fac-
tors such as verbal conveyance duration, human comprehension
delays, and subsequent follow-through duration. These timing con-
siderations are crucial in time-critical settings, where even minor
delays can substantially a!ect outcomes. We aim to study this inher-
ent trade-o! between timeliness and informativeness by framing
the challenge as a sequential decision-making problem using an
augmented-state Markov Decision Process. We design a frame-
work combining reinforcement learning and a generated o"ine
taxonomy dataset, balancing this trade-o!while enabling a scalable
taxonomy dataset generation pipeline. Empirical evaluation with
synthetic humans shows our framework improves success rates by
over 40% compared to methods that ignore time delays, while e!ec-
tively balancing timeliness and informativeness. It also highlights
an often-overlooked trade-o! between these factors, opening new
directions for optimizing communication in time-critical human-AI
assistance.
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1 INTRODUCTION
Language is commonly used for coordination in embodied assistive
tasks (e.g., human-human, human-robot interactions), facilitating
intent communication, establishing mutual knowledge, and provid-
ing actionable instructions [23, 37, 46]. In this work, we focus specif-
ically on time-critical scenarios, which are prevalent in daily life yet
remain underexplored in language-based assistive systems. In par-
ticular, we focus on the inherent trade-o! between language-based
noti#cation timeliness and informativeness. Consider a common
scenario: during a highway merge, a driving assistant saying “Ease
o! the gas, there’s a car entering from your right.” provides neces-
sary clarity but may take too long to convey and comprehend to
react for collision avoidance, whereas “Slow down!” prompts rapid
but potentially hazardous overreactions and results in rear-ending
situations due to lack of context. Thus, e!ective language-based no-
ti#cations in such scenarios must balance immediacy with su$cient
informativeness to guide immediate and subsequent actions. This
paper addresses the critical trade-o! between timeliness and infor-
mativeness in the context of designing a language-based assistive
noti!er agent for time-critical human-AI collaboration.1

Prior works often emphasize providing noti#cations that are
either timely (e.g., safety-critical alerts) [30, 47, 60] or informative
(e.g., teacher-student interactions) [41, 43] independently, without
explicitly addressing their trade-o!. While recent works have begun
recognizing that informative noti#cations incur time costs [31, 59],
the trade-o! has yet to be formalized in a sequential decision-
making framework [38].

Motivated by this gap, we investigate the problem setting where
the human executes a task based on their existing knowledge, the
assistive agent (i.e., the noti!er) solves a sequential decision-making
task through (1) detecting knowledge gaps through human behavior,
(2) determining the missing information, and (3) delivering the
noti#cation at a length that the human can comprehend before
failure occurs. Additionally, while focusing on the time-critical
settings, we select noti#cations that provide actionable instructions
and that include context when given su$cient time.

To de#ne the action space of our framework, we model each
language noti#cation as an action parameterized by three domain-
agnostic properties: topic, the word-by-word point of incremental

1See the appendix at https://arxiv.org/pdf/2509.07438 and the code at
https://github.com/SophieHsu/Timing-the-Message.
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comprehension [13], and total length. To gather a dataset of no-
ti#cations at scale would be impractical. For instance, a 10-word
utterance would require hundreds of annotations.

Recent advances show that Large Language Models (LLMs) ap-
proximate human-like comprehension patterns [32] and replay
realistic, time-ordered behavior in interactive simulations [39, 58],
capturing both semantic intent and temporal dynamics. We there-
fore leverage LLMs as scalable surrogate annotators to infer word-
level comprehension properties. This enables automatic construc-
tion of the utterance–property pairs that form our action space,
overcoming the costly word-level annotation barrier to studying
language-based noti#cations in time-critical settings.

The core contributions of this work are as follows:

• Formal characterization of language-based noti!ca-
tions in time-critical human–AI collaboration. We pro-
pose a mathematical framework for language-based assistive
noti#cations, formalizing timeliness and informativeness for
time-critical settings.

• Reaction-time–aware decision scheme for time-critical
tasks. We provide a decision-making scheme that explicitly
and robustly accounts for critical time delays, while optimiz-
ing noti#cation timing and content to maximize safety and
task e$ciency.

• Evaluation on various time-critical domains. We demon-
strate the e$cacy and robustness of our approach in three
domains: piloting, driving, and collaborative cooking.

2 BACKGROUND AND RELATEDWORK
2.1 Language-based communications for

human-robot collaboration
Collaboration% uency in language-based human-robot collabora-
tion (HRC) is achieved through balancing e!ective task-related com-
munication and conversational% ow. Some prior works explored
e!ective communication strategies such as perspective-taking for
personalized delivery [55], adapting to human preferences and task
states [7], providing timely reminders [14], and correcting false as-
sumptions [43, 44]. Other works address timing implicitly through
conversational# llers to smooth transitionswithout delay [41]. How-
ever, these approaches focus on relevance and% uency [41] rather
than explicitly considering the timing of information delivery to
support human performance in time-critical tasks.

In time-critical collaboration, the amount of time devoted to com-
munication must be carefully monitored and adapted. While some
research acknowledges conveyance duration of assistive household
agents [59], or emphasizes time-related aspects during commu-
nication, such as interruption intervals [53], they still consider
communication as an instantaneous or one-timestep [52] action
during planning. This simpli#cation neglects a key trade-o!: time
spent on communication may delay time-critical responses. As a
result, there remains a gap in explicitly modeling how communi-
cation timing interacts with task execution, especially in domains
where even slight delays can lead to failure.

2.2 Human-robot collaboration in time-critical
settings

We de#ne time-critical HRC as scenarios where the e!ectiveness of
the robot actions depends on the timing of their in%uence upon the
human. Prior work has approached this challenge from several com-
plementary angles. Some studies predict human intent from implicit
cues such as gaze, posture, and motion [4, 22], while others model
cognitive delays using drift-di!usion frameworks to capture reac-
tion times in forced-choice tasks [18, 36], or explore aspects such as
engagement [47]. At the task level, researchers analyze how robot
interventions shape performance and completion time [11, 12]. In
parallel, communication-focused approaches seek to optimize the
timing of motion cues [28], non-verbal signals, and natural lan-
guage instructions [3] to improve coordination. Although timing
improves e$ciency, these studies typically trade o! task-execution
e!ort against communication quantity (e.g., distance cost of motion
cues, number of utterances) [53].

Beyond these trade-o!s, other lines of work examine human
reaction times in time-critical settings, which focus on modeling
reactions to instantaneous cues within well-de#ned events, often in
contexts such as intelligent transportation systems [36] or warning
systems [25, 30, 47, 54], or designed experiments [40, 50]. In con-
trast, we study language-based communication in time-critical HRC,
where noti#cation delivery time can be a critical constraint. Un-
like instantaneous warnings, language can convey richer guidance
for human decision-making, revealing an underexplored trade-o!
between timeliness and informativeness.

2.3 LLMs for modeling human reasoning and
behavior

Modeling human reactions is critical for human–AI collaboration.
Large Language Models (LLMs) not only generate language, but
also capture aspects of reasoning and behavior, demonstrating
abstraction [57], common-sense reasoning [6], decision-making
across domains [27, 34], and simulating feedback in interactive
settings [1, 39]. They have further been used as surrogate anno-
tators, often matching or surpassing crowdworkers in structured
tasks [19, 45], and have been shown to capture# ne-grained pre-
dictability and informativeness in comprehension [32]. Together,
these results position LLMs as scalable proxies for human reason-
ing and annotation, motivating use as surrogate human reaction
models in our framework.

3 PROBLEM DEFINITION
We consider an assistive noti#cation task within a time-critical
human-AI collaboration scenario, where the e!ectiveness of the
assistance depends on the timeliness and informativeness of com-
municated noti#cations. In the scenario, we assume two distinct
classes of heterogeneous agents with di!erent objectives [33]: a
human agent that directly a!ects a physical environment with their
actions, and an assistive agent that delivers noti#cations as verbal
utterances to guide or alert the human. The assistive agent’s ob-
jective is to deliver noti#cations that not only contain actionable
instructions (i.e., content that is su$ciently informative for the hu-
man to understand and act upon) but also, when appropriate, those
that include additional context on how to carry out the instruction.
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Figure 1: Illustration of a time-critical noti!cation. An AI assistive agent noti!es “Shift right, car merging from the left side”
over 𝐿 (yellow) time steps. The utterance has communicated actionable information at 𝑀 = 2 (red). The human driver then has a
reaction delay, 𝑁𝐿 (blue), before beginning to move right, lasting the duration of the follow-through time, 𝑁𝑀 (green).

For instance, to enhance the human’s situational understanding or
drive them towards a long-term goal.

To e!ectively provide decision assistance, the assistive agent
needs a model of (i) how the human would solve the task unaided
and (ii) how the human interprets and responds to noti#cations. Ac-
cordingly, the next subsection introduces a reactive human model
that captures baseline task behavior and noti#cation-driven adjust-
ments; we then use this model to train the noti#er policy.

3.1 Reactive human model
Our reactive human model, 𝑂react = (MDP,Mreact), comprises a
task-completion decision process formulated as a Markov Decision
Process (MDP), together with an utterance reaction modelMreact.

3.1.1 Task-completion MDP. The MDP consists of a state space, 𝑃𝑁 ,
action space,𝑄𝑁 , a stochastic transition function,𝑅𝑁 , describing the
model’s action-based state transition dynamics, a reward function,
𝑆𝑁 , and a discount factor𝑇 . The policy for the task-completion MDP
is denoted as 𝑈𝑂𝑃𝑄 (𝑉𝑁), where 𝑉𝑁 → 𝑃𝑁 .

3.1.2 U!erance reaction model. We de#ne our utterance reaction
model asMreact = (𝑊 𝑅,𝑄𝑁, 𝑋 ,𝑆𝑁𝐿𝑆𝑇𝑈𝑉 , 𝑌

𝑊𝐿
𝑊𝑀
), where𝑊 𝑅 is a set of guid-

ing utterances, where each utterance u is a sequence of 𝑍 words,
i.e., (𝑎𝑉↑𝑋,𝑎𝑉↑𝑋+1, ..., 𝑎𝑉 ), generated by one or more assistive agent
noti#cation action 𝑏𝑅 . The agent’s behavior can thus be represented
as (𝑏𝑅𝑉↑𝑋, ↓, ..., 𝑏

𝑅
𝑉 ), where most steps correspond to a null action,

and occasional non-null actions produce an utterance spanning
multiple words. 𝑋 : 𝑊 𝑅 ↔ R↗0 is a scalar, task-relevant informa-
tiveness measure [51], that states how much of the noti#cation’s
actionable content is conveyed to the human. 𝑋 (u) = 0 indicates
no action-independent details (e.g., How/Why that do not change
the instructed action), and 𝑋 (u↘) ↗ 𝑋 (u) whenever u↘ has more task-
relevant details. 𝑆𝑁𝐿𝑆𝑇𝑈𝑉 is the reaction reward function, and 𝑌

𝑊𝐿
𝑊𝑀

is a
reaction function, which updates the intended human action based
on the utterances and human reaction delay, 𝑁𝐿 , and follow-through
duration, 𝑁𝑀 .

3.1.3 Task-relevant informativeness. We use a length-based proxy
that measures the length of the utterance. Let 𝐿 denote the length of
u and de#ne 𝑋 (u) = 𝐿 . While the e!ect of informativeness may man-
ifest in di!erent response behavior for di!erent tasks (see Sec. 5.2.3
for details), we model both follow-through duration and reward
as a domain-speci#c function of informativeness, 𝑁𝑀 (𝑋 (u)) and

𝑆𝑁𝐿𝑆𝑇𝑈𝑉 (𝑋 (u)), respectively. For example, in the driving domain, 𝑁𝑀
is a monotonic increasing function of 𝐿 ; for the piloting domain, we
performed both constant (Appendix H.0.1) and linear (Appendix G)
mappings. A brief message like “Slow down!” can trigger an imme-
diate change in behavior, but it underspeci#es the desired policy
(e.g., magnitude and duration). In contrast, an instruction like “Slow
down for the next few seconds” is more informative, constraining
the intended action, yielding a more precisely targeted response, at
the cost of some latency. Refer to Sec. 5.3.3 and Appendix H.0.1 for
details on 𝑆𝑁𝐿𝑆𝑇𝑈𝑉 (𝑋 (u)). (See Appendix A for discussion on di!erent
types of informative noti#cations.)

3.1.4 Types of notifications. Since we focus on noti#cations that
are actionable and informative, we associate 𝑏𝑅 with a property
tuple (𝑐,𝑀,𝐿 ), where 𝑐 represents the content topic, 𝑀 is the compre-
hension time [15, 16], i.e., the time relative to the beginning of the
utterance at which the human initiates their reaction as actionable
information is conveyed. We posit 𝑀 ≃ 𝐿 , where 𝐿 denotes the con-
veyance time, i.e., the time that the noti#cation takes to complete.
Note that all times in this paper are measured in words, assuming
an average duration of about 0.3 seconds per word [56].

3.1.5 Timing latencies. In addition to comprehension time, our
human reaction model includes two temporal latencies: the re-
action delay 𝑁𝐿 , the interval between comprehension (at time 𝑀)
and initiation of the instructed action, parameterized using empiri-
cal reaction-time estimates from prior work [17], and the follow-
through duration 𝑁𝑀 , the period for which the action is sustained
once understood [21] (see Fig. 1).

3.1.6 Reaction function. The reaction function 𝑌
𝑊𝐿
𝑊𝑀

outputs the
human reaction behavior after the noti#cation is comprehended at
time step 𝑑 +𝑀 . Here, 𝑑 is the absolute start of the noti#cation action
𝑏𝑅 = (𝑐,𝑀,𝐿 ), 𝑀 is the comprehension delay relative to 𝑑 , followed by
a reaction delay 𝑁𝐿 , and sustained for a duration of 𝑁𝑀 (see Fig. 1 for
an example). Let ω𝑑 denote the elapsed time since the noti#cation
was comprehended, 𝑑 ↘ ↑ (𝑑 + 𝑀), where 𝑑 ↘ is the absolute current
time step. The human reaction function is de#ned as follows:

𝑌
𝑊𝐿
𝑊𝑀

(𝑈𝑂𝑃𝑄 (𝑉𝑉 ↘ ), 𝑐 ,ω𝑑)

=

{
𝑒 (𝑐) 𝑁𝐿 ≃ ω𝑑 ≃ 𝑁𝐿 + 𝑁𝑀

𝑈𝑂𝑃𝑄 (𝑉𝑉 ↘ ) 𝑓𝑑𝑔𝑕𝑖𝑗𝑘𝑉𝑕,

(1)
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Figure 2: We present a noti!er assistant that learns to provide timely information to help a human solve a task. The noti!er
receives recent state-action history to predict whether to provide a noti!cation and properties of the desired noti!cation
(content, desired comprehension point, and length), which is then used to retrieve a precomputed utterance from the o"line-
generated utterance database matching these criteria and delivers it to the human.

where 𝑉𝑉 ↘ → 𝑃𝑁 , and 𝑒 (𝑐) maps topic to the corresponding reaction
𝑏𝑁 (e.g., sentence topic of slow down maps to deceleration actions.)

3.2 Assistive noti!er model
We consider an assistive noti#cation problem in a time-critical
human-AI collaboration scenario, formulated as a sequential decision-
making task. The environment consists of a model of the physi-
cal world and of the human. Because physics and human states
evolve while an utterance is produced, we cast the assistive noti-
#cation problem as an augmented-state Markov Decision Process
(MDP) [48]. Following the convention from prior literature [9, 10],
we de#ne the augmented state space as a# nite history of windowed
state-action pairs. Hence, we turn the delayed-feedback task into
a standard MDP, a tuple (X,A,𝑅 ,𝑆,𝑇 ), with the augmented state
space X = (𝑃 ⇐ A)𝑋 , 𝑃 = 𝑃𝑌 ⇐ 𝑃𝑁 ⇐ 𝑃𝑅 , where 𝑃𝑌 , 𝑃𝑁 , and 𝑃𝑅 are
the environment, human, and assistive noti#er agent state spaces
respectively, A is the action space of the assistive noti#er, and 𝑍 is
the history window length.

At each timestep, the noti#er takes an action 𝑏𝑅𝑉 → A, which
is either null (no noti#cation) or a noti#cation characterized by
(𝑐,𝑀,𝐿 ). If a noti#cation is issued, the reaction function 𝑌

𝑊𝐿
𝑊𝑀
, de#ned

in Sec. 3.1, determines 𝑏𝑁 by combining the utterance properties
with temporal dynamics (i.e., 𝑁𝐿 , 𝑁𝑀 , and ω𝑑 ). The state transition
then decomposes as

𝑅 (𝑙𝑉+1 |𝑙𝑉 ,𝑏𝑅𝑉 ) =
∑

𝑇𝑁→𝑍𝑁

𝑚 (𝑏𝑁 |𝑙𝑉 ,𝑏𝑅𝑉 )𝑚env (𝑙𝑉+1 |𝑙𝑉 ,𝑏𝑁),

where 𝑚 (𝑏𝑁 |𝑙𝑉 ,𝑏𝑅𝑉 ) is induced by 𝑌
𝑊𝐿
𝑊𝑀
, and 𝑚env captures the envi-

ronment given the realized human action. The immediate reward
𝑆(𝑙𝑉+1,𝑏𝑅𝑉 ) balances the task improvement and communication

costs (e.g., penalties for uttering noti#cations). The objective is
to learn an optimal noti#cation policy 𝑈⇒ : X ↔ A that maximizes
the expected discounted cumulative reward.

4 LANGUAGE-BASED REACTION-AWARE
NOTIFIER

To provide timely and informative assistive noti#cation, we pro-
pose a Language-Based Reaction-Aware Noti!er that learns to jointly
reason over both when to communicate and what to communi-
cate. The noti#er comprises two interdependent components: (1) a
timing-and-intent network that determines the appropriate time
to deliver a noti#cation and selects a semantic intent or category
for the message, accounting for context, human comprehension
time, and reaction delays; and (2) a message realization module,
which queries an o"ine taxonomy database to retrieve an utter-
ance that best matches the selected semantic intent. This approach
enables adaptive, context-aware noti#cation delivery that is both
behaviorally informed and capable of operating in real time.

4.1 Timing-and-intent network
Our timing-and-intent network is designed to account for both
human reaction delays and the temporal dynamics of message con-
veyance. To address these challenges, we draw on delay-aware
reinforcement learning literature [9, 10], where the agent’s obser-
vation is augmented with the most recent 𝑍 state–action pairs.
This history stack [35] formulation provides the temporal context
needed to reason about decision-to-e!ect delays and to preempt
mid-utterance by continuing, truncating, or replacing a message as
conditions evolve.
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For the policy architecture, prior work shows that in rapid-
decision regimes, heavier encoders add inference cost with little
bene#t and that simple frame-stacked inputs yield stable learning
in discrete, delay-aware control [2]. Guided by this, we use a light-
weight MLP over the history stack and train with Proximal Policy
Optimization [42]. See Appendix F for further architecture details.

4.2 O"line taxonomy generation via an
LLM-surrogate reaction model

Given the optimal noti#cation action 𝑏𝑅𝑉 from the timing-and-intent
network, we aim to provide utterances that correspond to the prop-
erty of 𝑏𝑅𝑉 . Such a process involves modeling human reactions at
the word level. To scale taxonomy construction, we use LLMs as
surrogate models of human reactions to noti#cation utterances.
This allows us to assign word-by-word labels to noti#cations for a
given domain, grounded in expected human response.

Sample Prompt: Rating Comprehension Progression

Given a pilot instruction, estimate a human’s comprehension level of
the intended action word-by-word by
(1) Starting at 0% comprehension
(2) Reading each word left-to-right, updating comprehension:
- Key action words (e.g., “Slow”) boost comprehension
...
Output a list of comprehension values (0–100%) after each word per
instruction.

Example (“Slow down” type):
Immediate | speed | reduction | needed | danger!
5% | 20% | 80% | 80% | 100%
Adjust | speed | prepare | to | avoid | the | zone.
5% | 50% | 50% | 50% | 70% | 70% | 70%

We build on LLMs’ ability to approximate human comprehen-
sion [20, 45] and prompt LLMs to: (1) generate noti#cations for a
topic 𝑐 , and (2) assign comprehension progression scores to each
word [61], identifying the word index 𝑀 where a human might re-
act [16]. The generated noti#cations are then categorized by their
properties. (This is done entirely o"ine; at test time, we use only a
compact policy network and a database lookup.) A sample prompt
for (2) is shown above; see Appendix I for more details. For this
paper, these numeric comprehension sequences are illustrative, and
we leave calibration to actual humans as future work.

4.3 Noti!er and human interaction
As detailed in Sec. 3.2, the noti#er interacts with the human. At
each timestep 𝑑 , the network selects a noti#cation action 𝑏𝑅𝑉 that
maximizes the cumulative reward. This action yields either null or
a noti#cation characterized by (𝑐,𝑀,𝐿 ). The noti#er then outputs
either null or a word drawn from the noti#cation queried from
the o"ine-generated taxonomy database indexed by (𝑐,𝑀,𝐿 ). See
Fig. 2 for an illustration of how the noti#er selects and delivers the
noti#cation. Note that, as delivery is word-by-word, the human
may begin acting after the earliest actionable pre#x 𝑀 is understood
(possibly before the full message completes) (see Sec. 5.3.4).

5 EXPERIMENTS
5.1 Domains
We evaluate our approach in time-critical domains that lend them-
selves to assistance, where the human lacks certain task-relevant
information that the assistant can access. We modify three domains
for this purpose: Lunar Lander [5], Highway Merging [29], and
Steakhouse [24]. In each, the human is under time pressure, and
lacks certain information, o!ering complementary testbeds for eval-
uating noti#cation design.

5.1.1 Lunar Lander (Piloting). This domain [5] involves a human
piloting a spacecraft to land on a designated platform, while navi-
gating a dynamic environment containing danger zones, which are
visible to the noti#er but occluded from the pilot. Due to the rapidly
evolving and control-intensive nature of the task, the noti#er must
provide timely noti#cations, helping the pilot quickly adjust to stay
outside of danger zones, remain in control of the spacecraft, and
land safely.

5.1.2 HighwayMerging (Driving). This domain, modi#ed from [29],
features a human-driven ego vehicle on a highway with three merg-
ing events, adapted from [29]. Merging vehicles are unaware of
the ego vehicle, while the human driver expects them to yield. The
noti#er’s objective is to proactively alert the driver to maneuver
away from impending collision risks, thereby encouraging smooth
tra$c% ow free of unnecessary decelerations or abrupt maneuvers.

5.1.3 Steakhouse (Cooking). This domain [24], adapted from [8],
simulates a community kitchen where a human collaborates with a
noti#er to complete subtasks (e.g., cooking meat, chopping radishes,
washing dirty plates, and plating cooked steak garnished with
chopped radishes). The human has partial observability—some sta-
tions are already occupied and only revealed upon approach—while
the noti#er has full observability. The noti#er proactively issues
concise prompts, “On your left”, to encourage quick action inter-
ventions, or incremental actionable noti#cations like “Shift left,
all the stations are occupied”, to enable quick interventions and
support the human’s mental model (see Appendix E for details).
This setup illustrates how timely context-aware noti#cations aid
both immediate actions and broader decision-making.

5.2 Experimental setup
5.2.1 Notifier Architecture. The noti#er uses a feedforward neural
network trained on domain-speci#c processed observations (details
in Appendix F) and outputs separate categorical distributions for
(1) noti#cation initiation, (2) topic 𝑐 , (3) comprehension time 𝑀 ,
and (4) length 𝐿 , each predicted through a distinct linear projection
from shared features. The initiation projection determines whether
to notify, while the remaining projections de#ne the noti#cation
action 𝑏𝑅 = (𝑐,𝑀,𝐿 ).

5.2.2 Notification types. Apart from setting the noti#cation action
as above, we consider three types of noti#cation actions. Each type
varies in noti#cation length and informativeness, de#ning di!erent
bounds of the action space A.

• Topic-only noti!cations convey short, minimal, high-urgency
commands without elaboration (e.g., “Stop!”)
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Table 1: Success rates for piloting and driving (primary metric) with secondary metrics, noti!cation frequency and follow-
through rate, illustrating trade-o"s from considering human reaction delays. Blue indicates the best success rate.

Noti!er Policy Success Rate (↑) Secondary Metrics

Piloting Driving Piloting Noti. Piloting Follow Driving Noti. Driving Follow

Heuristic 0.00 N/A 0.50 0.76 N/A N/A
Delay-Free Noti#er 0.22 ± 0.04 0.28 ± 0.03 0.25 ± 0.01 0.83 ± 0.03 0.58 ± 0.18 0.04 ± 0.02
Noti#er w/ Convey 0.94 ± 0.03 0.87 ± 0.11 0.22 ± 0.01 0.82 ± 0.01 0.22 ± 0.10 0.32 ± 0.13
Convey & React (Ours) 0.97 ± 0.02 0.93 ± 0.02 0.22 ± 0.01 0.82 ± 0.01 0.35 ± 0.19 0.18 ± 0.14

Table 2: Noti!er policy robustness to human reaction delays 𝑁𝐿 (timesteps) in the Lunar Lander domain. The policy remains
robust for 𝑁𝐿 values below the training value. Blue highlights indicate performance that either matches or outperforms the
Matching condition (human 𝑁𝐿 aligned with training 𝑁𝐿 ).

Reaction Avg. Noti. Freq. (⇑) Avg. Follow-Through Rate (⇓) Success Rate (%) (⇓)
N(2, 0.5) N(2, 1.0) Matching N(2, 0.5) N(2, 1.0) Matching N(2, 0.5) N(2, 1.0) Matching

𝑊𝑀 = 0 0.21 ± 0.00 0.21 ± 0.01 0.22 ± 0.01 0.68 ± 0.03 0.69 ± 0.06 0.82 ± 0.01 0.97 ± 0.01 0.96 ± 0.02 0.94 ± 0.03
𝑊𝑀 = 1 0.21 ± 0.01 0.21 ± 0.01 0.22 ± 0.01 0.68 ± 0.04 0.68 ± 0.06 0.71 ± 0.05 0.98 ± 0.00 0.98 ± 0.01 0.98 ± 0.01
𝑊𝑀 = 2 0.21 ± 0.01 0.21 ± 0.01 0.22 ± 0.01 0.81 ± 0.01 0.83 ± 0.01 0.82 ± 0.01 0.96 ± 0.02 0.96 ± 0.02 0.97 ± 0.02
𝑊𝑀 = 3 0.42 ± 0.02 0.42 ± 0.00 0.27 ± 0.01 0.04 ± 0.02 0.05 ± 0.05 0.88 ± 0.01 0.00 ± 0.00 0.00 ± 0.00 0.11 ± 0.06
𝑊𝑀 = 4 0.46 ± 0.00 0.46 ± 0.00 0.15 ± 0.01 0.01 ± 0.00 0.01 ± 0.02 0.28 ± 0.01 0.00 ± 0.00 0.00 ± 0.00 0.10 ± 0.02

• Complete-utterance noti!cations assume the human com-
prehends only after the entire noti#cation is delivered (𝑀 = 𝐿 )
(e.g., “Once past the merge point, slow down.”).

• Incrementally actionable noti!cations are designed for
partial comprehension during delivery (𝑀 ≃ 𝐿) that is suf-
#cient to trigger a response, with the remaining content
adding clarifying context. For instance, “Slow down to avoid
the left merging vehicle” prompts action upon hearing “Slow
down,” with the rest of the noti#cation providing context.

5.2.3 Notification informativeness. Across all domains, we assume
the informativeness of a noti#cation u is amonotone non-decreasing
function of its message length 𝐿 , i.e., 𝑋 (u) = 𝑒 (𝐿) with 𝑒 monotone.
Its e!ects manifest di!erently depending on the task: in piloting, in-
formativeness improves task understanding and stability, which we
capture by de#ning the human reward as 𝑆𝑁𝐿𝑆𝑇𝑈𝑉 (𝑋 (u)); in driving,
it modulates reaction behavior through follow-through duration
𝑁𝑀 (𝑋 (u)), where more informative noti#cations sustain actions for
longer; and in cooking, it conveys station occupancy information,
thereby updating the human’s environment state and shaping sub-
sequent decision-making.

5.2.4 Human agent. The task-completion MDP policy is trained
separately for each domain to capture environment-speci#c dy-
namics (Appendix D). In contrast, all noti#ers are evaluated under
identical parameter settings for the reaction function 𝑌

𝑊𝐿
𝑊𝑀
, ensuring

consistent noti#cation–reaction dynamics. The only exception is
the robustness analysis study (Section 5.3.2), where reaction param-
eters are varied to examine the e!ects of model mismatch.

5.2.5 Evaluation metrics. Our primary metric is success rate: the
fraction of episodes that achieve the task goal while satisfying all
safety constraints (reported as a percentage). To characterize no-
ti#cation behavior we report three secondary metrics. First, the

noti!cation frequency: let 𝑛 be the number of episodes, 𝑅𝑆 the num-
ber of environment time steps in episode 𝑕 , and 𝑜𝑆 the number of
delivered (non-null) noti#cations in episode 𝑕 . We report 1

𝑎

∑𝑎
𝑆=1

𝑏𝑂
𝑐𝑂

.
Second, the follow-through rate: for each delivered noti#cation

𝑁 → D shown at time step 𝑑𝑊 , we de#ne: (i) a comprehension indicator
𝑐𝑊 = 1 if the human comprehends the noti#cation; otherwise 𝑐𝑊 = 0;
(ii) an action indicator 𝑏𝑊 = 1 if, within the reaction time window
after 𝑑𝑊 , the user executes the noti#ed action and was not already
in progress at 𝑑𝑊 ; otherwise 𝑏𝑊 = 0. The follow-through rate is
1

|D |
∑

𝑊→D 1[ 𝑐𝑊 = 1 ⇔ 𝑏𝑊 = 1 ].
Lastly, the long noti!cation rate. Let 𝑝 (𝑁) be the word count of

the noti#cation 𝑁 . A noti#cation is long if 𝑝 (𝑁) ↗ 𝑞; we use 𝑞=5
words. The rate is 1

|D |
∑

𝑊→D 1[ 𝑝 (𝑁) ↗ 𝑞 ]. All metrics are averaged
over episodes and random seeds.

5.2.6 Baselines. We compare our method against three baselines
that di!er in how they account for noti#cation timing, while holding
the human reaction model# xed across domains. This isolates the
impact of explicitly modeling conveyance and reaction delays in
the noti#er’s decision-making.

• HeuristicNoti!er: Issues alerts when the human approaches
a danger zone, directing them to follow a prede#ned safe
path once a distance threshold is crossed.

• Delay-Free Noti!er (RL) [31]: Assumes noti#cations are
delivered and acted upon instantaneously (𝑀 = 0, 𝑁𝐿 = 0),
ignoring both conveyance and reaction delays.

• Noti!er With Conveyance Time Awareness (RL) [59]:
Models the time required to deliver a noti#cation (𝑀 > 0),
but assumes immediate human response (𝑁𝐿 = 0).
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5.2.7 Our method. Noti!er With Conveyance and Reaction
Time Awareness: Incorporates both noti#cation conveyance dura-
tion and human reaction delays, explicitly modeling a cumulative
two-timestep delay (𝑁𝐿 = 2) [17].

5.3 Results
We organize our experiments to answer the following:

(Q1) Does a conveyance and reaction time aware noti#er result
in signi#cant performance improvements over baseline ap-
proaches?

(Q2) Can a noti#er trained on a limited distribution of reaction
times generalize to out-of-distribution cases?

(Q3) Does conveyance and reaction time aware noti#er balance
noti#cation timeliness and informativeness to improve over-
all task performance?

5.3.1 Performance analysis (Q1). We evaluate noti#er e!ectiveness
primarily using success rate, which re%ects both task safety and
goal achievement in time-critical settings. As shown in Table 1,
our proposed Convey & React noti#er, explicitly modeling both
conveyance and reaction delays, achieves the highest success rates
in piloting (0.97) and driving (0.93). By contrast, the Delay-Free
baseline performs poorly, highlighting the risks of ignoring timing
altogether. The w/ Convey baseline, which accounts only for con-
veyance delays, already achieves strong performance, indicating
that modeling conveyance alone yields substantial gains.

To assess statistical reliability, we evaluate each method over
5 seeds (100 evaluation episodes per seed) and run paired t-tests
with Holm–Bonferroni correction. Convey & React signi#cantly im-
proves over Delay-Free in both Highway and Lunar Lander (Holm
p<0.01), while the additional gains over Noti#er w/ Convey are
not signi#cant (Holm p=0.16/0.14), suggesting that modeling con-
veyance time provides the most bene#t in these domains. We expect
reaction-delay modeling to matter most when messages are aggres-
sively pruned to be short, as small di!erences in delivery and in-
terpretation time can a!ect downstream actions (e.g., team sports).
Overall, these results show that explicitly modeling conveyance
and reaction delays is key for time-critical assistive performance.

5.3.2 Robustness analysis (Q2). Human responses to noti#cations
vary due to di!erences in comprehension, reaction delay, and follow-
through. In our formulation, these sources of variability enter
through the reaction function 𝑌

𝑊𝐿
𝑊𝑀
, which determines the lag be-

tween a noti#cation and observed behavior. For tractability, we vary
the reaction delay 𝑁𝐿 , since robustness to unseen delays directly
tests generalization to out-of-distribution timing, while variability
in comprehension or follow-through would enter through the same
functions (𝑌

𝑊𝐿
𝑊𝑀

or 𝑁𝑀 (𝑋 (u))) and are left for future work.
Table 2 compares two training regimes: a population-trained

noti#er, which samples 𝑁𝐿 from a Gaussian distribution N(2,𝑟2),
and a matching noti#er trained with a# xed delay equal to evalua-
tion (upper bound). For the population setting we sample once per
episode while 𝑁𝐿 = clip(round(𝑁𝐿 ), 0, 4), and hold 𝑁𝐿 #xed for all
noti#cations within that episode. At evaluation we deterministi-
cally set 𝑁𝐿 → {0, . . . , 4}. The population-trained noti#er generalizes
well to unseen delays shorter than those sampled during training,

Figure 3: Trade-o" between noti!cation timeliness and in-
formativeness across policies in the Lunar Lander (Harder
Version) domain. Gray shows trajectory (start: green, end:
red); shaded regions are hazards. Noti!cations are short (blue
→) or long (green →); red markers (•) indicate overwritten
messages. E"ective policies send early short alerts to buy
time, then switch to longer, more informative noti!cations
once time-to-collision increases. Delay-Free Noti!er (top) as-
sumes instant comprehension and! res nearly every step, so
evenly spaced alerts arrive too late. Noti!er w/ Convey (mid-
dle) is conservative, clustering early short alerts and keeping
them while hovering over the central hazard. Convey & Re-
act (bottom) starts with short warnings, then shifts to longer
noti!cations as descent slows and reaction time becomes
available; all stop once descent is safe without assistance.

achieving success rates near the upper bound (0.96–0.98). However,
both population-trained and matching policies’ performance drop
once delays become very long (𝑁𝐿 ↗ 3), re%ecting a fundamental
limitation: excessively delayed human reactions cannot be fully
compensated by noti#cation policies.

5.3.3 Timeliness and informativeness analysis (Q3). We examine
how noti#ers balance timeliness and informativeness by compar-
ing Topic-Only noti#cations—short prompts that trigger immedi-
ate actions (e.g., “Speed up!”)—and Complete-Utterance noti#ca-
tions—longer messages that sustain actions (e.g., “Speed up for
5 seconds”). In our# rst experiment, informativeness is linked to
follow-through duration 𝑁𝑀 (𝑋 (𝑎)) (Sec. 3.1). Table 3 shows that in
the piloting domain, both noti#cation types reach a success rate of
0.97, showing that highly dynamic environments leave little room
for sustained actions. In the driving domain, however, Complete-
Utterance improves success (0.97 vs. 0.93) by sustaining driver re-
sponses. Although success rate shows a bene#t, secondary metrics
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Table 3: Performance of di"erent noti!cation types in piloting and driving. Success rates are shown! rst as the primary metric;
noti!cation frequency and follow-through rate are secondary metrics. Blue indicates the best success rate.

Noti!er Policy Success Rate (%) ↑ Avg. Noti. Freq. Avg. Follow-Through Rate Long Noti. Rate

Piloting Driving Piloting Driving Piloting Driving Piloting Driving

Topic Only (↖𝑈 ↙) 0.97 ± 0.02 0.93 ± 0.04 0.22 ± 0.01 0.20 ± 0.09 0.77 ± 0.02 0.32 ± 0.09 𝑏 /𝑍 𝑏 /𝑍
Complete-Utterance (↖𝑈,𝑑 ↙) 0.97 ± 0.02 0.97 ± 0.03 0.22 ± 0.01 0.37 ± 0.12 0.82 ± 0.01 0.29 ± 0.04 0.01 ± 0.01 0.37 ± 0.23

Figure 4: In Steakhouse domain, the noti!cation “Go down, all stations occupied” (denoted [2 1 5] in the! gures) begins at t = 0.
Mid-sentence, the human comprehends the initial instruction and starts moving downward. By t = 5, upon full delivery and
comprehension, the human updates their mental model and proceeds with optimal actions based on the current kitchen state.

reveal a trade-o!: longer utterances are often interrupted by state
changes, which forces preemption and lowers follow-through on
noti#cations that were not fully delivered.

The saturated success rate in piloting suggests that informative-
ness, when de#ned through follow-through, has a limited e!ect in
highly dynamic environments, with bene#ts more likely re%ected
in dimensions not captured by success rate, such as communication
e$ciency, collaboration% uency, or trust. Hence, we run a second
experiment where informativeness is tied to reward rather than
follow-through, allowing us to observe how policies reallocate to-
ward longer messages while holding compliance# xed. Additionally,
we study a harder version of the original lunar lander environment
(see Appendix H for details) to further evaluate the trade-o!. Fig-
ure 3 shows that the Delay-Free noti#er issues long utterances
too late, while the w/ Convey noti#er improves safety with short,
timely alerts, but as it assumes zero reaction delay, it avoids longer
messages that risk late interventions. In contrast, our Convey &
React noti#er adapts by beginning with short alerts to prevent im-
mediate failure, then switching to longer utterances once the lander
stabilizes, and stopping once passed danger zones.

Together, these results demonstrate that explicitly modeling
both conveyance and reaction delays enables noti#ers to adapt
noti#cation length to task conditions—favoring timeliness when
urgent and informativeness when time permits.

5.3.4 Incrementally actionable notifications. We also demonstrate
incrementally actionable noti#cations in the Steakhouse cooking
domain (Fig. 4), where noti#cations are structured with an initial
action cue followed by additional context. For example, the utter-
ance “Go down, all stations occupied” begins at 𝑑 = 0, by 𝑑 = 2

the human has already acted on the initial cue (“Go down”), and
by 𝑑 = 5 the full message (“all stations occupied”) updates the hu-
man’s situational awareness for future decisions (see Appendix E
for details). This demonstration shows how incrementally action-
able noti#cations can prevent immediate errors while providing
context that supports longer-term planning. Although they o!er
limited bene#t in fast dynamics domains such as piloting or driving,
they highlight the value of informativeness in domains like cooking,
where success depends on balancing short-term responses with
future coordination.

6 CONCLUSION AND DISCUSSION
In this paper, we propose a framework for optimizing the timing and
content of language-based noti#cations in AI-assisted interactions,
explicitly modeling instruction duration, human comprehension
delay, and subsequent response. By formulating the problem as a
sequential decision-making task and applying reinforcement learn-
ing, our method outperforms baselines that assume instantaneous
human reactions or account only for noti#cation delivery time.
While our evaluation relies on LLMs to simulate comprehension
and draws from prior work on reaction times, validating these as-
sumptions with human subjects and developing mechanisms to
handle, e.g. variations due to fatigue, remain important directions
to explore. Another promising avenue is re#ning the o"ine taxon-
omy dataset with human-in-the-loop feedback. Overall, our results
show that accounting for both informativeness and timeliness is
not only feasible but impactful, and this work is expected to serve
as a foundation for more human-aligned, adaptive communication
in time-critical settings.
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